JSTOR is a not-for-profit service that helps scholars, researchers, and students discover, use, and build upon a wide range of content in a trusted digital archive. We use information technology and tools to increase productivity and facilitate new forms of scholarship. For more information about JSTOR, please contact support@jstor.org.
Introduction
By sampling their environments (e.g., patches, mates, habitats) and subsequent links to performance (prey harvest rates, offspring production), organisms often both use and produce information about their environment, which in many cases is publicly available (Danchin et al. 2004) . Social information use is likely a pervasive and important process in ecology and evolution that affects species' population growth and persistence (e.g., Doligez et al. 2003; Schmidt et al. 2015b ). However, the degree to which feedbacks occur between population growth and social information are not well explored. For instance, at low population density, one would expect lower potential for information collection at the individual level because there are fewer information providers. Consequently, per capita population growth should be reduced at low density through the effects of reduced information availability. This may, in turn, produce an information-driven Allee effect. In this article, we present a general model for such an information-mediated Allee effect.
Allee effects may be caused by numerous, nonmutually exclusive mechanisms affecting one or more fitness components (e.g., reproduction and survival), or what Stephens et al. (1999) refer to as a component Allee effect. In turn, these may produce a demographic Allee effect, characterized by the presence of positive density-dependent per capita population growth (Stephens et al. 1999; Allee 1941) . Demographic Allee effects are important in conservation because they may increase the extinction vulnerability of small populations (Courchamp et al. 2009 ). Demographic Allee effects may be categorized as strong or weak. In a weak Allee effect, per capita population growth is reduced at low density but remains positive. In a strong Allee effect, per capita population growth is negative at low density, which can threaten population extinction. Thus, strong Allee effects produce two population equilibrium points (excluding population size N p 0). The larger equilibrium, N hypothesis is partially the cogent realization that more eyes scanning for predators reduce the uncertainty in an individual's estimate of the instantaneous risk of predation. Dilution effects also contribute to safety in numbers, hence information-and noninformation-based mechanisms may operate in tandem.
Social information can influence numerous behavioral and life-history strategies of organisms (Dall 2005; Danchin et al. 2004) . We focus on information use as it applies to breeding habitat selection in spatially heterogeneous landscapes where variation in the quality of breeding sites is manifested as differences in breeding success (e.g., variation in the risk of nest mortality; Schmidt et al. 2006; Schmitt and Holbrook 2007) . By sampling prospective territories, organisms can collect direct or indirect information about current or future quality based on current territory occupation or past reproductive performance of conspecifics (Boulinier and Danchin 1997; Doligez et al. 2002; Forsman et al. 2012) . The latter can lead to simple habitat copying or settlement at sites where conspecifics were successful (i.e., performancebased cues; Reed et al. 1999) .
A Phenomenological Model of an Information-Mediated Allee Effect
We start with a phenomenological model that incorporates density-dependent information use into the process of breeding habitat selection. We use this model to explore the population-level phenomenon of habitat selection that is influenced by both personal information and social information. The model is heuristic and analytically tractable, making it broadly applicable across taxa and tactics of information use. Information requires spatial heterogeneity in site quality and a positive temporal correlation between mean reproductive outcomes in any given site (Boulinier and Danchin 1997) . For simplicity, we assume that habitat consists of good and bad sites and that site quality is fixed in time (we relax this assumption in a subsequent model; see "Adding Mechanisms of Information Use"). We calculate expected per capita population growth rates (see below) based on the expected number of future adults produced within good and bad sites (i.e., the population is geographically closed). The probability that an individual settles at a site of specific quality is determined by the relative availability of sites at the time of settlement, which changes under nonrandom habitat selection with the number of individuals that have settled previously. Nonrandom habitat selection, in turn, is determined by information available to individuals. For this process of settlement, we make the following simplifying assumptions: (1) individuals sequentially settle within a single vacant breeding site, (2) individual settlement is biased with respect to both personal (w 0 ; i.e., nonsocially acquired) and social (a) information regarding site quality, (3) social information saturates with the number of conspecifics, and (4) the two types of information are additive in their effect on settlement. These assumptions yield the following relationship for total information (w): w p w 0 1 aN= (1 1 aN) , where w 0 is a measure of information available independent of the density of conspecifics and a determines the rate of increase in social information with density. Note that our use of the terms "personal" and "social" does not refer to the source of information but specifically to whether the information depends on the number of conspecifics (i.e., social information) or not (personal information). When placed in the context of densitydependent population growth, there is an important functional difference between these terms. Our use of these terms, therefore, differs from that of previous authors (e.g., Wagner and Danchin 2010) .
Personal information may include experience, such as prior reproductive success, natal habitat imprinting (Davis and Stamps 2004) , active sampling for predators (e.g., Morton 2005; Schmitt and Holbrook 2007) or parasites (Forsman and Martin 2009) , and innate preferences for habitat features (Arlt and Pärt 2007) . Likewise, several mechanisms may be used to acquire social information. One mechanism with broad empirical support is social information acquired through eavesdropping on the reproductive performance of conspecifics-for example, the number and/or quality of fledged young or litter size (Danchin et al. 1998; Doligez et al. 2002; Betts et al. 2008) .
Based on the above assumptions, we conceptualize a population of individuals that settle sites sequentially based on the availability of options and information available. The Wallenius hypergeometric distribution (henceforth, WHGD; Fog 2008; Schmidt et al. 2015b) provides an analytically tractable approach to determine per capita population growth rates based on informed habitat selection. The WHGD is similar to the more familiar hypergeometric distribution, however, the former takes into account unique biases assigned to the different objects that are sampled. Breeding sites may be good (G) or bad (B), and the number of sites of each quality is denoted, respectively, T G and T B (T p total number of sites). Heuristically, sites are picked like colored balls sampled from an urn. However, information biases the sampling and, hence, choice. Specifically, good and bad sites have weights associated with their probability of being chosen and thus occupied, and together these weights determine the odds ratio: w. We assume the odds ratio is a function of personal and social information, which saturates with population density according to equation (1). For a population size N, the WHGD distribution gives the probability distribution for the number of good sites selected, with bias w, after N trials. The WHGD distribution is difficult to compute, in general, but the expected number of good draws can be implicitly determined following the ap-proximation derived by Fog (2008) . To adopt Fog's approximation in the context of our model assumptions: If the population density is N, and provided N ! T, then the population picks N number of sites. We thus obtain the expected number of good sites occupied, E G , as the solution to
where E B is simply N 2 E G . We thus can derive the expected future population size (N t11 ) as
where S A and S J are adult and juvenile survivorship, respectively, and R G and R B are expected reproductive success in good and bad sites, respectively. In all cases, we evaluated the model using Matlab to find numerical solutions to equation (1) that were applied to equation (2) and evaluated across a population density gradient of N p 1-100. We define K, or carrying capacity, as the stable equilibrium population density such that the per capita population growth rate (l) equals 0, where l is calculated as l p (N t11 2 N t )=N t . Consider first the case without social information (a p 0). Assuming individuals are informed (w 0 1 1), good sites are filled faster than poor sites as the population increases (i.e., l 1 0), in turn producing negative density dependence (McPeek et al. 2001) . Therefore, to ensure some K ! T exists, we choose parameter values for R G , R B , S A , and S J such that the population cannot saturate the habitat; that is, l ! 0 as N → T ( fig. 1 , gray curve). If individuals are uninformed (w 0 p 1), they fill sites randomly and the population has density-independent dynamics. Since, in the first scenario, l ! 0 as N → T, uniformed individuals in the second scenario, which differ only by the absence of information, cannot persist; that is, l ! 0 for all N ∈ 0, K ½ ( fig. 1, red curve) . Last, consider the addition of social information that saturates with population density. Social information will produce a humpshaped relationship (positive density dependence at low N) between per capita population growth (l) and population density ( fig. 1) . Either weak or strong Allee effects may be present. (Note that assuming l ! 0 for an uniformed population restricts the model's outcomes to strong Allee effects when a 1 0. Relaxing this assumption can produce weak Allee effects but requires adding an additional mechanism of density dependence. We illustrate this in app. A; apps. A and B available online.)
There are nine unique qualitative combinations of w 0 and a ( fig. 2 ). However, we consider only the following subset:
Combination 1. w 0 p 1 and a p 0 ( fig. 2, center) . This produces random habitat selection and density-independent population growth.
Combination 2. w 0 1 1 and a p 0 ( fig. 2 , bottom center). There is a preexisting bias toward choosing good sites but no social information. conspecifics (social information) reinforce personal biases in a density-dependent manner. Combination 4. w 0 ! 1 and a 1 0. Here w 0 ! 1 implies there is a preexisting bias toward choosing bad sites in the absence of social information. This is an ecological trap following Robertson et al.'s (2013) broad definition. However, since a 1 0, social information can ameliorate and potentially reverse the bias toward bad sites in a densitydependent manner (e.g., Kokko and Sutherland 2001) .
Results of the Phenomenological Model
Personal and social information have unique influences on the per capita population growth rate. Personal information determines the per capita population growth rate in the absence of conspecifics (i.e., the growth rate intercept in fig. 1 ), whereas social information influences the rate of change in l with population size (fig. 1) . The presence of social information produces a hump-shaped relationship between l and the number (or density) of conspecifics ( fig. 1) , which reflects the existence of a weak or strong Allee effect. All else equal, increasing w 0 promotes a weak Allee effect, provided social information is present (e.g., green to black in fig. 1 ). In turn, decreasing w 0 promotes a strong Allee effect or population extinction. Increasing social information shifts the Allee threshold, when present, to the left, resulting in a smaller minimum viable population size ( fig. 1, green to violet) . Concomitantly, the stable equilibrium shifts to the right, resulting in a greater equilibrium population size. Decreasing social information reverses these effects and flattens the per capita population growth rate curve, potentially eliminating all nonzero equilibrium points and resulting in extinction ( fig. 1, blue) . Ecological traps (w 0 ! 1) decrease l at low population density. If the trap is severe, the population will decline regardless of population size and commensurate social information. For example, compare the scenario with a bias for good sites (w 0 p 1.25; fig. 1 , violet curve) to a severe ecological trap (w 0 p 0.85; orange) under equivalent per capita levels of social information. In this scenario, if the trap were weaker (w 0 ∼ 0.95), there would be a strong Allee effect that included a stable equilibrium. We call this social amelioration of an ecological trap ( fig. 2) .
The qualitatively unique outcomes in figure 1 can be generalized based on a population's location in the information state space (w 0 -a plane; fig. 3 ). Weak Allee effects are produced under sufficiently high personal information, w 0 . Below this, the population will be unviable or may exhibit a strong Allee effect if social information is high. Transitions between qualitatively unique outcomes can be abrupt if changes to w 0 or a occur. Likewise, a population near the boundary between regions may be extinction prone under temporal fluctuations in density. We note that these qualitative outcomes depend not only on a population's capacity for information (i.e., w 0 -a plane; fig. 3 ) but also the value of information (Koops 2004) , which is predicated, in part, on habitat composition. In other words, changing the relative proportion (i.e., variance) of options, even if mean quality remains unchanged, influences per capita population growth rates when individuals are informed (cf. figs. 3A and 3B ). See Donaldson-Matasci et al. (2010) and appendix B for further elaboration.
Adding Mechanisms of Information Use
Although our model is general, the absence of mechanism limits its application. For instance, we would like to understand whether explicit mechanisms of information use could produce a level of selection bias necessary to produce the noted outcomes. Second, information based on prior experience will decline over time. In this section, we build on Schmidt et al.'s (2015b) use of the WHGD approach for examining informed habitat selection in the context of breeding passerines. Individuals may use multiple sources of information (Doligez et al. 2003) , however, for simplicity, we consider a scenario of assessing habitat quality using offspring activity (e.g., fledgling vocalizations; Betts et al. 2008 ) as a performance-based cue.
Consider again a habitat with T G good and T B bad breeding sites. We assume individuals prospect for cues of offspring activity, which bias habitat selection in the following breeding season. We denote fledgling vocalization rates as F G and F B for good and bad sites, respectively. Good sites have higher success/productivity than bad sites, therefore,
For the moment, we assume site quality is constant through time. We let Pr (G) and Pr (B) be the probabilities of detecting fledgling activity in a given site. Assuming the probability of no detection over a prospecting time, X obs , is Poisson distributed, the expected probability of detecting fledglings in good and bad habitat is, respectively,
(3b) which yields the social odds ratio (S odds ):
where f G and f B are fledging rates in good and bad sites, respectively. Assuming X obs is independent of habitat type, the odds ratio is determined by fledgling rates, detection rates, or both. Competition over sites could negatively affect X obs through frequency-dependent selection, and this model is amenable to a game theoretical approach (Schmidt et al. 2015b) . However, at the end of the breeding, there is little competition for breeding sites. Thus, X obs could be large, and the likelihood of not detecting fledglings, if present, may be small. In this case, detection of fledglings is driven mainly by the ratio f G /f B , the number of individuals producing information, and the number of sites sampled by prospectors. Assuming each individual randomly samples m unique sites from a total of T sites available, the proportion of T sites that have been sampled at least once is given by 1 2 (1 2 m=T) N , which reaches an asymptote of one as N increases. For a large population size, all sites will have been sampled at least once, so social information is maximized for a given m and T. As N converges to zero, there is no social information collected through prospecting, and individuals must use personal information only. This produces a formulation for social information (S):
We assume that individuals randomly prospect sites independently of each other and that sampled sites are representative of the habitat composition at large (i.e., we take a mean value approximation as opposed to tracking individuals or sites). Likewise, we do not track settlement to individual sites that a prospector visited. Instead, we assume prospecting time, X obs , is spread over many sites that form a representative sample of the environment from which an individual chooses a site to occupy based on the WHGD. Finally, we can examine the effects of temporal variability in site quality following the approach of McNamara and Dall (2011) . A site that is good in one year is bad in the next year with probability Q GB (Q BG denotes the reverse) and remains bad (or good) for 1/Q GB (or 1/Q BG ) years, on average. We assume all sites change independently of each other, and therefore, the proportion of sites of quality i are P i p Q i =(Q GB 1 Q BG ). We assume Q GB p Q BG p Q, such that P G p P B p 0.50, the point at which information cues have their maximum value (Donaldson-Matasci et al. 2010;  app. B). The final formulation of the odds ratio combines prior odds and social odds additively, minus one to prevent double counting (i.e., since w p 1 represents no bias):
Results of the Prospecting Model
A full analysis of the mechanistic model is not our goal.
Rather we limit our analyses to (1) whether the social prospecting mechanism produces the phenomena we observed in the general model, (2) how individual sampling effort in time (X obs ) and space (m) influence the odds ratio and l, and (3) Sampling effort for social information also varies with the number of sites each individual prospects, m. When individuals sample few sites (m p 5), the population is limited by both the number of information providers and poor sampling ( fig. 5 , red growth curves); therefore, per capita population growth is unaffected by an initial small increase in N. Increasing sampling effort accelerates the increase l with population density. In turn, the maximum achievable per capita population growth rate increases, which buffers the population against temporal variation ( fig. 5 , cf. top and bottom rows) and shifts the Allee threshold to the left (smaller minimum viable population size) but has little effect on K. Temporal variability ( fig. 5, bottom row) , in general, produces a decline in social information and per capita population growth.
Discussion
When spatial heterogeneity in habitat quality exists, per capita population growth is influenced by biases in habitat selection. Indeed, a sufficient amount of bias may be necessary for population persistence. That is not to say that uniformed or poorly informed populations are vulnerable to extinction, since biases will evolve through selective pressures (McNamara et al. 2006; McNamara and Dall 2011) . However, there is a growing consensus that information is an important driver of population dynamics (Schmidt 2004; Armsworth and Roughgarden 2005; Lister 2014 ). When information is partially socially derived (Boulinier and Danchin 1997; Danchin et al. 1998; Jaakkonen et al. 2013) , weak or strong Allee effects will be present. Under these circumstances, small population size will reduce the quantity and/ or quality of information available to individuals. Hence, even though personal information may be available (w 0 1 1), per capita population growth may be negative below a minimum viable density, that is, the Allee threshold. If the population size drops below the Allee threshold, it is vulnerable to extinction in the absence of ameliorating influences, such as improved environmental conditions. Moreover, a lower Allee threshold, as occurs with higher S odds (or a), can buffer populations against other environmental influences that may occasionally result in small population sizes.
We examined these possible scenarios using both a phenomenological and mechanistic model, focusing on strong (e.g., Forbes and Kaiser 1994; Sarrazin et al. 1996; Huijbers et al. 2012) . For example, Fletcher (2009) suggested that infrequent occupancy of small habitat fragments in least flycatchers (Empidonax minimus), a common pattern in birds, may be due to reduced conspecific cues ultimately resulting in habitat underutilization.
In conclusion, our analytical models demonstrate how social information, a widely used phenomenon in habitat selection and other contexts, may generate positive density dependence at low population size resulting in informationmediated Allee effects. This tendency has the potential to produce positive feedbacks in declining populations: an environmentally driven stressor (e.g., fragmentation reduces dispersal to small patches, a toxin reduces adult survival) causes an initial population decline, and a subsequent reduction in information providers amplifies the initial population decline. The population may go extinct in a deterministic fashion or be subject to a greater risk of extinction through stochastic events that tip it below an Allee threshold. In this way, information-mediated Allee effects may contribute to the extinction debt incurred from habitat loss and other anthropogenic stressors (Tilman et al 1994) .
